Underpinned by the vertiginous progress of Informatics and Communication Technologies, new evolutions of decision technologies are coming with the consequent benefit for decision makers and users in general. The integration of Geographical Information Systems (GIS) and Decision Support Systems (DSS) attracted significant attention during the latest decades. Spatial DSS, Spatial Online Analytic Processing (SOLAP), Location Intelligence and Mobile GIS are illustrative examples. As foundational concepts of the approach discussed in this paper some differences and similarities among Decision Support Systems, Business Intelligence and Recommender Systems are revealed. To complement this conceptualizing the evolution of these decision systems within the framework of geospatial ones are also exposed. By integrating concepts from Spatial Decision Support Systems, Locationbased Services and Recommender Systems, a new generalized conceptual model of Context-aware Spatial Decision Support Systems (CA-SDSS) is provided.
Introduction
Since the first Geographical Information Systems in the 60`s decade of the past century, new analytic potentialities to equip them with better decision tools were being incorporated.
The idea of a Spatial Decision Support System (SDSS) evolved in the mid 1980's, and by the end of the decade, SDSS was included in an authoritative review of the GIS field [1] . By the early 1990's, these systems had achieved a recognized place in the GIS community and was identified by Muller [2] as a growth area in the application of GIS technology. More recently, Collaborative and Web Spatial Decision Support Systems [3] , [4] and [5] have been developed accordingly with the evolution of the web.
Geospatial part of business data may be more suitably exploited if it is analyzed and represented by Business Intelligent Systems coupled with maps and GIS capabilities [6] . This geospatial-extended business intelligence is known as Geospatial Business Intelligence (GeoBI). Furthermore, GeoBI systems, by providing an intelligent coupling of geospatial and Business Intelligence technologies have specifically extended the capacity of data analysis by bringing spatio-temporal data support, cartographic visualization and spatial analysis capabilities [7] . The Open Geospatial Consortium (OGC) Board of Directors has identified Geospatial Business Intelligence (GeoBI) as a major focus area for OGC standards related activities. Increasing the uptake of OGC standards in the location intelligence marketplace and within the business enterprise can be a basis for improved decision making and opportunities for broader use of products that implement OGC standards [8] .
Recommender Systems (RS) take into account user preferences to suggest information of potential interest to them. RS have begun to incorporate geographic components into decision making applications. This is expressed, for example, in the new trend of RS built on Location Based Services (LBS) and incorporated into mobile tourism guides to provide users with interesting points of interest according to their contextual information, mainly physical location [9] . In [10] a method of Spatial Semantic Context-Aware Recommender System is discussed. Context-aware Recommender Systems within the Location Based Services family points to become in strong decision tools in a more and more collaborative and semantic Web. This paper is aimed to describe a new conceptual model for Spatial Decision Support Systems that integrates traditional SDSS with key concepts from Business Intelligence and Context-aware Recommender Systems. The new conceptual model is identified by the term Context-aware Spatial Decision Support Systems (CA-SDSS).
First sections of the paper deal with concepts and components of Decision Support Systems, Business Intelligence and Recommender Systems to support the subsequent analysis of their relations, similarities and specificities. Then a big picture on a time line revealing the evolution of these technologies and systems from a geospatial perspective is discussed. The new approach of CA-SDSS is then described. And finally, the main findings and future work is summarized.
Foundational concepts.
Contradictory information about decision support tools are frequently employed by different communities (scientists, software developers, decision users, etc.). Whilst some people operate with the term Decision Support Systems (DSS) to explain tools for decision making, others use the term Business Intelligence (BI) for similar functionality. In parallel, new terms as Recommender Systems (RS) are arising to describe other field of decision making in collaborative (Web 2.0) contexts, but also including genetic characteristics of their predecessors.
Decision Support Systems
The history of the implementation of Decision Support Systems begins in the mid-1960s [11] . Some definitions of DSS are given by different authors [12] , [13] , [14] , [15] , [16] , [17] . In short, a DSS is an information interactive system useful to solve non-patterned problems for decision making.
DSS decision-making processes start with the problem identification; once the problem is recognized, it is defined in terms that facilitate the creation of models. Alternative solutions are created, and models are then developed to analyze the various alternatives. The choice is then made and implemented consistent with Simon´s description. Of course, no decision process is this clear-cut in an ill structured situation [18] .
Classification of DSS [11] [19] includes:
Data driven DSS -includes file drawer and management reporting systems, data warehousing and analysis systems, Executive Information Systems (EIS) and Geographic Information Systems (GIS). Data-Driven DSS emphasize access to and manipulation of large databases of structured data and especially a time-series of internal company data and sometimes external data.
Model driven DSS -includes systems that use accounting and financial models, representational models, and optimization models. Model-Driven DSS emphasize access to and manipulation of a model.
Knowledge driven DSS -can suggest or recommend actions to managers. A related concept is Data Mining. It refers to a class of analytical applications that search for hidden patterns in a database. Data mining tools can be used to create hybrid Data-Driven and Knowledge-Driven DSS.
Document driven DSS -integrates a variety of storage and processing technologies to provide complete document retrieval and analysis. The Web provides access to large document databases including databases of hypertext documents, images, sounds and video.
Communication driven and group DSS -where communication driven DSS includes communication, collaboration and coordination and GDSS focus on supporting groups of decision makers to analyze problem situations and performing group decision making tasks.
Business Intelligence
The term intelligence has been used by researchers in artificial intelligence since the 1950s. Business intelligence became a popular term in the business and IT communities only in the 1990s. In the late 2000s, business analytics was introduced to represent the key analytical component in BI [20] . Business intelligence, which is defined as the result of "acquisition, interpretation, collation, assessment, and exploitation of information" [21] , is getting the right information to the right people at the right time [22] .
BI also includes the underlying architectures, tools, databases, applications, and methodologies [23] . BI's major objectives are to enable interactive and easy access to diverse data, enable manipulation and transformation of these data, and provide business managers and analysts the ability to conduct appropriate analyses and perform actions [24] .
As a data-centric approach, BI heavily relies on advanced data collection, extraction, and analysis technologies [25] [24] . Data warehousing is the foundation of BI. The design of data marts and tools for extraction, transformation, and load (ETL) are essential for converting and integrating enterprise-specific data. Database query, online analytical processing (OLAP), and advanced reporting tools are often adopted next to explore important data characteristics. Business performance management using scorecards and dashboards can be used to analyze and visualize various employee performance metrics. In addition to these well-established business reporting functions, statistical analysis and data mining techniques are adopted for association analysis, data segmentation and clustering, classification and regression analysis, anomaly detection, and predictive modeling in various business applications. Most of these data processing and analytical technologies have already been incorporated into the leading commercial BI platforms offered by major IT vendors including Microsoft, IBM, Oracle, and SAP [26] .
Recommender Systems.
Given the large amount of information available on the Web and in some services provided therein, as processes or marketing sales in recent years have been developing and implementing various tools to provide users quick access and appropriate information needed [27] . Recommender Systems have emerged strongly in this area, as tools whose mission is customize the information that users receive according to their needs, preferences and / or tastes. Because of its success, there is a wide spectrum of applications of recommender systems [28] , especially for e-commerce and entertainment.
Recommender systems take into account user preferences to suggest information of potential interest to them, helping them to limit their searches by providing a number of elements that may be relevant. These alerts provide information and navigation support when you have large volumes of information [27] .
In literature and in the market there are different types of recommender systems that differ in the method or process of obtaining the recommendations and / or information sources used. The most general classification is given below:
 collaborative recommender systems [29] ,  content-based recommender systems [30]  knowledge-based recommender systems [31] ,  hybrid recommender systems [32] Interrelationships between decision systems.
To complement this survey regarding the three foundational concepts for the approach presented in this paper, a crossing table is provided as follows in Table No. 1. This table depicts the commonalities among DSS, BI and RS considering their purpose "to support decision making", as well as, their processes, techniques and models. The table above depicts the commonalities among DSS, BI and RS considering their purpose to support decision making, processes, techniques and models. The specialization of these technologies into geospatial context is also included at the end of the table.
To compare DSS and BI, the table above assumes the broader perspective of DSS which describe their primary driving sources of information, according to [11] and the data-centric perspective to describe BI [25] , [24] .
According to [34] , BI are data-driven DSS; however they also include OLAP or GIS functionality from the model perspective. From Arnott and Pervan, a DSS includes personal decision support systems, group support systems, executive information systems, online analytical processing systems, data warehousing, and business intelligence [17] .
From the point of view of DSS, recommender systems can be understood as tools supporting consumers in their decision making process. Therefore, the ultimate goal of a RS is to increase the quality of decisions made. A variety of factors actually influence the users of decision making such as their appreciation of the system, trust in the information and service provider, experience and domain expertise, word-of-mouth as well as their real preferences. Some authors see RS as User-facing DSS [35] .
Data mining is one of the common techniques used in both context DSS and RS. In the context of recommender applications, the term data mining is used to describe the collection of analysis techniques used to infer recommendation rules or build recommendation models from large data sets. Recommender systems that incorporate data mining techniques make their recommendations using knowledge learned from the actions and attributes of users. These algorithms include clustering, classification techniques, the generation of association rules, and the production of similarity graphs through techniques such as Horting [36] .
Context-aware Spatial Decision Support Systems
This section focuses on conceptual issues of our approach of Context-aware Spatial Decision Support Systems (CA-SDSS).
Previously, the evolution of Geospatial Decision Systems is analyzed with the objective to argument the conceptual framework provided. In the same sense, and in order to demonstrate the own contribution of the author´s approach in this paper, related work is also commented.
Evolution of Spatial Decision Systems
How traditional Decision Support Systems have been progressing in their relation to other decision branches and with the own evolution of Spatial Decision Systems, can be appreciated in the Figure 1 .
To build this picture, the authors were inspired from their own experiences in this field [37] , [38] , [10] and previous analysis of progression of SDSS and GeoBI [1] , [39] , [40] , [3] , [4] , [5] , [41] , enriched by some information extracted from hype-cycles on BI and contextaware technologies provided by Gartner [42] .
At a glance, Figure 1 reveals three processes of evolution at horizontal level: (upper) non-spatial Decision Support Systems; (middle) Geographical Information Systems; and (lower) Spatial Decision Support Systems.
However, their individual dynamics are close related each other due to the own evolution of Information Technology, particularly Web and wireless technologies, and also because their dependences of the same techniques like data mining, data warehouse or other statistics. For the purpose of this paper, special mention deserves the convergence of influences (in the figure expressed as more number of arrows converging in one box) in more recent stages. For instance, Context-aware Recommender Systems (lower-right corner) are benefited from their predecessors in direct line with Recommender Systems, but also from Location Based Services and Web-based Spatial Decision Support Systems.
Related work
While quite a lot papers focus on Spatial Decision Support Systems [1] , [3] , [4] , [39] , [40] , [41] , the field of context-aware recommender systems (CARS) is a relatively new and underexplored area of research, and much more work is needed to explore it comprehensively [43] .
In [5] the authors present a design approach of a Collaborative spatial decision support system (C-SDSS) emphasizing on the premise that knowing stakeholders' concerns can help anticipate user information needs and consequently can guide sys-tem designers in achieving a C-SDSS that fits the decision process. This approach can be considered as an embryonic approach of a collaborative Recommender System based on spatial decision support systems.
More recently there are incremental examples of Context-aware Recommender Systems as PILGRIM [44] , GeoSocialDB [45] , Location-based service recommendation model (LBSRM) [46] , Cinemappy: a Context-aware Mobile App for movie recommendations boosted by DBpedia [47] , COMPASS [48] and a Mobile Locationbased Information Recommendation System Based on GPS and WEB 2.0 Services proposed in [49] , as the most representative ones related to our paper. All of them offer interesting inputs on both theoretical and practical issues. However, the main contribution of our architecture of Context Aware Recommender System (CA-SDSS) is its conceptual model specialized from a SDSS, considering the evolution presented above in the Figure 1 . This is important in order to meet for successive approximations to a more generalized model of SDSS which can embrace the other branches of decision systems (Location/Geospatial Business Intelligence, Recommender Systems and Decision Support Systems).
CA-SDSS architecture
Intentionally for the purposes of this work, the architecture of CA-SDSS is derived from a general schematic architecture for Decision Support Systems.
Fig 2:
Schematic of components for a decision support system [50] Following this approach and incorporating the building blocks of a Recommender System, as well as, location based services and map elements, the CA-SDSS architecture is deployed in the Figure 3 . 2. CA-SDSS core: Embracing the user databases (user profiles and history) and a repository of objects for recommendations (e.g., points of interests in a tourism application Keeping in mind the orientation of this paper to converge towards a generalized framework of Spatial Decision Support Systems considering commonalities and distinctions of DSS, BI and RS, the CA-SDSS, as a Contextaware Location Recommender System, offers a theoretical contribution towards arriving to a more generalized and contemporary SDSS architecture.
So far CA-SDSS is being experimented in a tourism scenario and the first evaluation indicators (dependence of the training set and accuracy of the recommendations, precision tests and recall assessments) are revealing its validity. The results of these experiments will be discussed in next papers.
Conclusions and Future work.
Analytics considerations regarding commonalities and differences among Decision Support Systems, Business Intelligence and Recommender Systems, as well as, the schematic evolution discussed on these technologies can contribute to understand the emergent necessity to model more generalized frame-works of Spatial Decision Support Systems in order to maximize the benefits by the combination of their strengthens in a unique approach.
CA-SDSS is the first architecture for Context-aware Location Recommender System obtained by the generali-zation of the main components of Decision Support Systems.
This work continues under develop oriented to three fundamental addresses:
 To deepen in theoretical issues of conceptual modeling for Spatial Decision Support Systems, by the aggregation of similar architectures for Geospatial Business Intelligence and Web SDSS considering similar building blocks.
 Implementing the CA-SDSS approach in different cases studies in order to evaluate its viability and validity.
 Incorporating a Semantic component for the general conceptualization of Spatial Decision Support Systems.
